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The Performance Evaluation for Fund of Funds by Comparing Asset Allocation of Mean-Variance model or Genetic Algorithms to that of Fund Managers 
Abstract
This study investigates the ability of security selection by comparing the performance of the portfolios of fund of funds (FOF) constructed by the Markowitz Mean-Variance (MV) model or Genetic Algorithms (GA) to that of fund managers. All target mutual funds held by FOF in the U.S. market from January 1, 2000, to December 31, 2003 are chosen. The results reveal two things. First of all, only GA and the MV both beat the market index and the performance of GA is much better than that of fund managers and the MV. Secondly, in terms of the ability to select funds, both the MV and GA outperform the operation of fund managers. 
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1. INTRODUCTION
A fund of funds (FOF) is a mutual fund scheme that invests in other mutual funds rather than in securities. The manager of FOF or personal investor wants to know how to choose among different mutual funds to construct the best, most desirable portfolio, which typically is based on both risk and return at the same time. Since the portfolio theory proposed in the 1950s by Markowitz examines the tradeoffs between risk and return from a “mean-variance” framework, it is used in this study to form an optimal portfolio of funds. 
According to the Markowitz Mean-Variance model (MV), one can determine the minimum investment risk by minimizing the variance of a portfolio for any given return rate; or for any given level of risk which the investor can tolerate, one can derive the maximum returns by maximizing the expected returns of a portfolio. 

With constant risk aversion the MV is consistent with rational choice axioms only if both the preferences and the stochastic behavior of asset returns are very narrowly specified. When the ratio of partial derivation is regarded as a measure of risk aversion and assumed to be constant, the Mean-Variance model is consistent with the expected-utility principle if the utility function and the distribution of asset values are in specific forms. This assumption may cause a limitation in using the Mean-Variance model. Therefore, another model, called Genetic Algorithms (GA), which does not need such a strong assumption, is also chosen to find the optimal portfolio of funds in this study. GA are search algorithms based on the mechanics of natural selection and natural genetics. It combines the idea of “survival of the fittest” among string structures with a structured yet randomized information exchanged to form a search algorithm that employs the innovative search techniques used by humans. GA exploit historical information efficiently to speculate on new search points with an expected improvement in performance. To see whether managers of FOF do a good job on behalf of the investor the optimal asset allocation of GA and the M-V are compared to that of the manager of FOF. 
The purpose of this study is to investigate the performance of FOF based on GA, the traditional MV and operation of fund managers. We do not focus on the selection of FOF by fund managers but rather examine whether the optimal asset allocation subject to GA and the traditional MV perform better than the asset allocation subject to the operation of fund managers. 
This study is structured as follows: Section 2 introduces two asset allocation models, M-V and GA and offers some related literature about the performance of mutual funds. Section3 describes the data and methodology. Section 4 compares the performance among M-V, GA and the operation of fund managers. Section 5 concludes the findings of this study.

2. LITERATURE REVIEW

This section first introduces two asset allocation models, the Markowitz mean-variance model (MV) and Genetic Algorithms (GA). Then the literature related to the MV and GA are reviewed.
Most securities available for investment have an uncertain future return that is called risk. Since a portfolio is a collection of securities, the basic problem facing each investor is determining which risky securities to own. The same problem faced by investors is when the optimal portfolio is selected from a set of possible funds. In this study we introduce two fund portfolio selection models, MV and GA.
2.1 Markowitz Mean-Variance Portfolio Selection Model
According to the M-V, any specific return rate can be used to derive the minimum investment risk by minimizing the variance of a portfolio; and, any specific risk level which investor is able to tolerate may also be used to derive the maximum returns by maximizing the expected returns of a portfolio. There are some assumptions provided in the M-V as stated below:


(1)Perfect and competitive markets: no tax, no transaction cost and the securities and assets are perfectly divisible.

(2)All investors are risk averse; all investors have the same beliefs.

(3)Security returns are jointly normal distribution.

(4)Dominant principle: an investor would prefer more return to less and would prefer less risk to more.

A portfolio selection problem in the mean-variance context can be written as follows:
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where,



M = the number of risky securities


xi = the proportion invested in security i

xj = the proportion invested in security j


Ri = the expected returns of security i
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s

= the covariance of the expected returns on security i and j

The Markowitz Mean-Variance theory assumes that asset return are normally distributed, as does modern portfolio theory for the most part. It is convenient assumption because the normal distribution can be described completely by its means and variance, consistent with mean-variance analysis. Nawrocki (1991) indicates there exists some difference between the efficient frontiers based on the mean-variance and semi-variance method since it is necessary to find out the joint probability distribution of a portfolio for the semi-variance method to achieve a success application. Although the semi-variance has been used as a risk measure to replace the original mean-variance method (Markowitz, 1959 and Porter, 1974), but the M-V method is still a popular implement for its convenience in computation.  Schyns and Crama (2003) indicate Markowitz’ Mean-Variance model is too basic because it ignores many factors of the real world such as the size of the portfolio, limitations of trading etc. It is more difficult to solve a portfolio selection model if those factors are considered because it leads to a nonlinear mixed integer programming problem. 

Although some strong assumptions are provided in the Markowitz Mean-Variance theory, this model has still been well-known during the past four decades. In addition, this study also aims to test whether Genetic Algorithms free of the assumption of normal distribution asset return can compete with the Markowitz Mean-Variance analysis. 

2.2 Genetic Algorithms 

GA are stochastic optimization algorithms that are originally motivated by the mechanisms of natural selection and evolutionary genetics. They were first introduced by Holland in 1975. 
Unlike the conventional gradient-based search algorithms, GA require no calculation of the gradient and are not susceptible to the problems found in the minimum that arise in nonlinear, multi-dimensional search space. In each generation, three basic genetic operators- reproduction, crossover, and mutation- are performed to generate a new population and the chromosomes of the population are evaluated via the values with the appropriately selected fitness functions. On the basis of the principle of survival of the fittest, a better candidate in the population can be obtained. 

GA have been applied in many professional areas. Huang et al. (1994) use GA to predict financially distressed firms using unbalanced groups and find GA clearly dominate discriminant analysis and logic methods. Allen and Karjalainen (1999) uses GA to learn technical trading rules for the S&P 500 index using daily prices from 1928 to 1995. After considering transaction costs, the rules did not earn consistent excess returns over a simple buy-and-hold strategy in the out-of-sample test periods. Leigh et al. (2002) forecast price changes for the New York Stock-Exchange (NYSE) Composite Index by using GA and exemplify superior decision-making results.  

3. MODEL SPECIFICATIONS AND METHODOLOGY
3.1 Data
The monthly net asset value (NAV) and market price returns as well as monthly indexes (S&P500) are provided by S&P500 WorkStation
. The original sample data contains a total of 60 U.S based FOF that were in existence during December 2003. The sample includes index fund and equity funds. Our sample excludes some of the original FOF and some of the investment target mutual funds that do not exist during the research period from January 2000 to December 2003, therefore we only have 24 FOF. The chosen FOF allocates its assets among the underlying funds within a predetermined investment strategy as listed in table1.

Table 1 
Sample Data List 

	Fund Family
	Symbol
	Mutual Fund Long Name
	Inception Date

	AmSouth Funds
	As-01
	Strategic Portfolios: Aggressive Growth Portfolio Funds
	1999.01.13

	
	As-02
	Strategic Portfolios: Growth Portfolio Funds
	1999.01.13

	
	As-03
	Strategic Portfolios: Growth and Income Portfolio Funds
	1999.01.13

	
	As-04
	Strategic Portfolios: Moderate Growth and Income Portfolio Funds
	1999.01.13

	SSgA Fund
	Ss-01
	Life Solutions Income and Growth Fund
	1997.07.01

	
	Ss-02
	Life Solutions Balanced Fund
	1997.07.01

	
	Ss-03
	Life Solutions Growth Fund
	1997.07.01

	Goldman Sachs Fund
	Gm-01
	Balanced Strategy Portfolio
	1998.01.02

	
	Gm-02
	Growth and Income Strategy Portfolio
	1998.01.02

	
	Gm-03
	Growth Strategy Portfolio
	1998.01.02

	
	Gm-04
	Aggressive Growth Strategy Portfolio
	1998.01.02

	T. Rowe Price Fund
	Tr-01
	Spectrum International Fund
	1990.06.29

	
	Tr-02
	Spectrum Growth Fund
	1990.06.29

	
	Tr-03
	Spectrum Income Fund
	1990.06.29

	Vanguard Fund
	Vg-01
	LifeStrategy Income Fund
	1994.09.30

	
	Vg-02
	LifeStrategy Conservative Fund
	1994.09.30

	
	Vg-03
	Strategy Moderate Growth Fund
	1994.09.30

	
	Vg-04
	LifeStrategy Growth Fund
	1994.09.30

	Smith Barney Fund
	Sb-01
	Allocation Series Global Portfolio Fund
	1996.02.05

	
	Sb-02
	Allocation Series High Growth Portfolio Fund
	1996.02.05

	
	Sb-03
	Allocation Series Growth Portfolio Fund
	1996.02.05

	
	Sb-04
	Allocation Series Balanced Portfolio Fund
	1996.02.05

	
	Sb-05
	Allocation Series Conservative Portfolio Fund
	1996.02.05

	
	Sb-06
	Allocation Series Income Portfolio Fund
	1996.02.05


3.2 Research Hypotheses
There are three hypotheses which are tested in this study.

At first, we test whether both the M-V and GA outperform the fund manager’s operation. One possible reason why both the MV model and the GA model outperform the fund manager’s operation is that the former are more objective. The fund managers may decide which of several target mutual funds they should hold and how much money they should buy based on their own professional ability of selecting funds.The first hypothesis is thus set to be:
Hypothesis 1: The performance measures of a FOF constructed by the MV or GA outperform the mutual fund manager’s operation during these research periods.
Next, we test whether the fund selecting ability of GA are better than the MV in portfolio selection and allocation. One of the possible reasons why the fund selecting ability of GA may be better than the MV model in portfolio selection and allocation is because the assumption of normal distribution is required by the MV model, but not required by GA. We may not determine the optimal investing weight for each period using the MV model if the distribution of a target is not normal.

Therefore, the second hypothesis is set to be:
Hypothesis 2: The performance measures of FOF portfolios constructed by GA outperform those constructed by the MV model for certain research periods.
3.3 Research design and process
This study mainly uses two models to optimize the performance of FOF: the MV model and the GA model.
Based on the concept of rolling input data forward as listed in figure 1, this study uses the past 24-month return rate of target holding mutual funds to find the weight of each fund through the MV or GA. This weight subsequently becomes the next month’s investment decision for FOF.
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Figure 1 Research Design

Figure 1 indicates that the input data is rolled forward one month at a time. Therefore, we can obtain the 24 period return and risk data based on either the MV or GA. 

Due to the limitation of data collection, we can not directly calculate monthly volatility for each mutual fund. In this study, first we calculate the daily volatility for each mutual fund at first, then we find the trading days for each month. Finally, we estimate the monthly volatility through the following formula: 
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where, 
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As to the estimate of beta for each target fund, it is calculated for each 24-month period using the S&P500 index version of Jensen’s model through a time-series regression.
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Where,

rit= the return of fund i in month t over the one-month T-bill rate
αi= a measure of abnormal return; A significantly positiveαi signifies that the FOFi outperforms the benchmarks. Conversely, a significantly negativeαi means that the FOFi underperforms the benchmark 

βi= the sensitivity of FOFi’s return to the benchmark
rBt =the return of the benchmark over the one-month T-bill rate at time t
εit=the random error term. 
3.4 Methodology
Before the monthly return of those underlying funds are put into our models to solve the optimize asset allocation, the coefficients of skewness and kurtosis are examined to see whether the distribution of our chosen data is normal. Usually, the normal distribution has a skewness of 0 and a kurtosis of 3. If the kurtosis exceeds 3, it indicates a "peaked" distribution and if the coefficient of kurtosis is less than 3, it indicates a "flat" distribution.
3.4.1 Markowitz Mean-Variance Methodology
The core of the MV is to take the expected return of a portfolio as the investment return and the variance of a portfolio as the investment risk. 

If we plot all possibilities in the risk-return space, we have taken the liberty of representing combinations as a finite number of points in constructing the diagram. We know that an investor would prefer more return to less return or would prefer less risk to more risk. Thus, if we can find a set of portfolios that either (1) offer more return for the same risk, or (2) offer lower risk for the same return, we would have identified all efficient portfolios that investors would consider to hold. In this study, the software AIM 5.1
 helps us to optimize portfolios based on the concept of the Markowitz Mean-Variance. Asset Allocation is selecting a set of assets and creating a 

portfolio mix to produce a desired result which is usually to maximize return for a given level of risk. AIM can calculate the most efficient combination of funds to maximize a portfolio’s return while maintaining a low level of risk. AIM performs asset allocation by first using the given risk-return data and then generating a selection of portfolio mixes along the most efficient frontier.

3.4.2 Genetic Algorithms 
 GA are invented by Holland in 1975 to mimic some of the processes of natural evolution and selection. In nature, each species needs to adapt to a complicated and changing environment in order to maximize the likelihood of its survival. GA are inspired by the mechanism of natural selection where stronger individuals are likely the winners in a competing environment. 
GA are a tool for machine learning and discovery on the time-tested process of Darwinian evolution. Potential forecasting models and trading rules are modeled as chromosomes containing all their salient characteristics. A population of these solutions is allowed to evolve with the fittest solutions, then rewarded by inclusion in subsequent generations. Each individual’s fitness is calculated explicitly as a payoff. For example, fitness can be measured by predictive ability or excess return over a benchmark. Solutions with the least fitness become extinct in a few generations.
Variety is introduced into the population of solutions by mimicking the natural process of crossover and mutation. Crossover effectively combines features of fitted models to produce fitter models in subsequent generations. That is, to generate good offspring, we need to select chromosomes from the current population for reproduction. Usually the higher the fitness value, the higher the probability of that chromosome being selected for reproduction.
Once a pair of chromosomes has been selected, crossover can take place to produce offspring. A crossover probability of 1.0 indicated that all the selected chromosomes were not used in reproduction, i.e. there are no survivors. However, empirical studies have shown that better results are achieved by a crossover probability of between 0.65 and 0.85, which implies that the probability of a selected chromosome surviving to the next generation (apart from any changes arising from mutation) ranges from 0.35(1-0.65) to 0.15(1-0.85). In the crossover stage, we blend chromosomes (bit strings) by defining two successful models in the hope of developing an even better model. If we only use the crossover operator to produce offspring, one potential problem may arise, which is that all the chromosomes in the initial population will have the same value at this position. To combat this undesirable situation a mutation operator is used to introduce some random alterations of the genes (0 becomes 1 or 1 become 0), and this occurs infrequently so there is a mutation of about one bit changes in a thousand tested. Hence, the mutation rate in this study is 0.001. Proceeding with the four stages, initialization, evaluation and selection, crossover, and mutation, through the generations until achieving a satisfactory solution makes the GA a good searching technique for optimizing complex problems. 

In this study the parameters of GA are the same as those speculated in table 2 (Lin et al. 2000). Mutation stirs the pot and introduces variations that would not be produced by crossover. Here, we randomly alter and introduce chromosomes to create mutation. 
Table 2

Parameter Specificity 
	
	Parameter Name
	
	Parameter

	1.
	Population size
	
	80

	2.
	Trials
	
	1000

	3.
	Crossover rate
	
	0.8

	4.
	Mutation rate
	
	0.001


GA have been used successfully in many contexts, including meteorology, structural engineering, robotics, econometrics, and computer science. GA are particularly well-suited for financial applications because of their robust nature in the sense that very few restrictions are placed on the form of the financial model to be optimized. 

Although the constraint of GA is that it can’t guarantee the accurate optimal solution will be found, it does possess the unique ability to optimize a similar solution through a wide space.
Fitness function is used to define an objective or fitness evaluation against each chromosome and is tested for suitability in relation to the environment under consideration. As the algorithms proceed, we would expect the individual fitness of the best chromosome to increase as well as the total fitness of the population as a whole. This study uses the fitness function based on two performance measures, the Sharpe measure and Treynor measure.

The fitness Function based on the Sharpe measure can be defined as:

Fitness Function=
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where:

n = the total number of training periods
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= the total risk of FOFi in period m  

In this study, n was set at 24, m is changed forward one period at a time and the U.S. one-month Treasury Bill is used as the risk-free rate. Since the Sharpe measure divides the excess return of the FOF by the standard deviation of returns over the research period, we can find the best weight of target mutual funds by maximizing the sum of the previous Sharpe measures through GA.

The fitness Function based on the Treynor measure can be defined as

Fitness Function=
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where, 

n = the total number of training period
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= the return of FoF i in period m
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= the systematical risk of FOFi in period m
In this study, n was set at 24, m changed forward one period at a time and the U.S. one-month Treasury-Bill is used as the risk-free rate. Like Sharpe’s measure, Treynor’s measure gives excess return per unit of risk and it uses systematic risk instead of total risk. Therefore, we want to find the best weight of target mutual funds by maximizing the sum of the previous Treynor measures through GA.

4. EMPIRICAL RESULTS

Before the results of the optimal asset allocation based on GA and the traditional MV are discussed, this section first shows the descriptive statistics about sample data. 

4.1 Descriptive Statistics

The descriptive statistics of fund size, number of mutual funds held, annual turnover and Net Asset Value (NAV) of the monthly return for all 24 FOF as well as the descriptive statistics for the whole sample are presented in Panel A of Table 3. For the whole sample, the average monthly NAV return is 0.5466%, the annual turnover ratio is 34.08%, and the average fund size is 986.54 million. The largest maximum NAV monthly return and fund size are 1.1414% and 6040.00 million. 

In Panel B of Table 3, the descriptive statistics of fund size, annual turnover and NAV monthly return for the holdings of FOF are presented. For the whole 77 holding funds, the average monthly NAV return was 0.7337%, the annual turnover ratio was 95.92%, and the average fund size is 1888.17 million. The largest maximum NAV monthly return and fund size are 2.6587% and 26390.00 millions. 
4.2 Result

This study mainly included two parts of empirical results: a normality test and paired t-test. The paired t-test is used to compare the performance of two models to that of fund managers. 

4.2.1 Normality Test

Based on Table 4 and Table 5, we find that the coefficient of skewness is not near zero and the coefficient of kurtosis is not near three for each mutual fund. The distributions of FOF and their target holding mutual funds are not normal.
Table 3

Descriptive Statistic of 24 Funds of Funds and 77 holding of fund of funds
	Panel A
	Descriptive Statistics for 24 funds of fund

	
	
	Net asset value monthly returns,%
	
	Fund Size
, $million
	
	Annual Turnover
,%
	
	Number of Mutual Funds Held

	Average 
	
	0.55
	
	986.54
	
	34.08
	
	9.92

	Minimum
	
	-0.19
	
	15.30
	
	0.00
	
	4.00

	10th %
	
	0.27
	
	18.53
	
	2.00
	
	4.00

	25th %
	
	0.44
	
	33.78
	
	4.00
	
	7.00

	Median
	
	0.53
	
	90.41
	
	14.50
	
	11.00

	75th %
	
	0.67
	
	931.62
	
	43.50
	
	11.50

	90th %
	
	0.80
	
	3890.00
	
	128.00
	
	16.00

	Maximum
	
	1.14
	
	6040.00
	
	136.00
	
	18.00

	Number
	
	24
	
	24
	
	24
	
	24

	Panel B
	Descriptive statistics for 77 holding of funds

	Average 
	
	0.73
	
	1888.17
	
	95.92
	
	

	Minimum
	
	-0.19
	
	7.67
	
	1.00
	
	

	10th %
	
	0.21
	
	61.72
	
	16.00
	
	

	25th %
	
	0.30
	
	132.35
	
	33.00
	
	

	Median
	
	0.57
	
	368.20
	
	60.00
	
	

	75th %
	
	1.13
	
	1330.00
	
	116.00
	
	

	90th %
	
	1.57
	
	5300.00
	
	221.00
	
	

	Maximum
	
	2.66
	
	26390.00
	
	650.00
	
	

	Number
	
	77
	
	77
	
	77
	
	


Table 4

Normality Test for 24 Fund of Funds5

	Sample
	As-01

	As-02
	As-03
	As-04
	Gm-01
	Gm-02
	Gm-03
	Gm-04
	Sb-01
	Sb-02

	Skewness
	-0.4278
	-0.3481
	2.1696
	-1.5804
	-0.4334
	-0.4902
	-0.4607
	-0.4024
	-0.2464
	-0.2292

	Kurtosis 
	0.4547
	-0.7318
	10.8216
	5.1809
	-0.4556
	-0.3721
	-0.5006
	-0.6334
	-0.8365
	-0.8965

	Sample
	Sb-03
	Sb-04
	Sb-05
	Sb-06
	ss-01
	ss-02
	ss-03
	Tr-01
	Tr-02
	Tr-03

	Skewness
	0.2218
	-0.1424
	-0.1042
	0.0374
	-0.2245
	-0.2360
	-0.2856
	-0.2601
	-0.2553
	0.0683

	Kurtosis 
	2.3019
	-0.3921
	-0.2307
	-0.2219
	-0.4583
	-0.4158
	-0.4157
	-0.4853
	-0.7543
	-0.4407

	Sample
	Vg-01
	Vg-02
	Vg-03
	Vg-04
	
	
	
	
	
	

	Skewness
	0.0021
	-0.1656
	-0.2105
	-0.2103
	
	
	
	
	
	

	Kurtosis 
	-0.7557
	-0.6182
	-0.6073
	-0.6526
	
	
	
	
	
	


This table presents the coefficient of skewness and kurtosis for each of 24 FOF based on the period from January 2000 through December 2003 (48 months).

4.2.2 Performance Comparison 
We can get 24 period risk-return data for each FOF after using the M-V and GA as well as using two fitness functions based on Sharpe’s and Treynor’s measure in order to determine what the best portfolio will be for the next period. According to forward 24 period forecasting data for each FOF, we can transform them into Jenson’s α, Sharpe’s measure and Treynor’s measure to evaluate the performance of each FOF objectively since those three measures consider both return and risk. 

Performance of Jenson’s α
   Table 6 summarizes the Jenson’sαof the MV, GA, and Fund Manager’s operation (FM). There are two different fitness function applied in GA. The first fitness function in GA is to maximize the sum of Sharpe’s measure; the other is to maximize the sum of Treynor’s measure. The positive and significant Jenson’s α implies fund of funds(FOF) has positive risk-adjusted excess returns; the negative and significant Jenson’s α denotes the FOF doesn’t have risk-adjusted excess return. Among the three, even if theαmeasure is negative, it is not  significant at the 10 percent level. And we find that all significant Jenson’s α are positive based on the MV, GA, and the operation of fund managers, which implies that they may all beat 
Table 5

Normality test for target holding mutual fund6

	Sample
	as1
	as2
	as3
	as4
	as5
	as6
	as7
	as8
	as9
	as20

	Skewness
	-0.4278 
	-0.3086 
	-0.0412 
	-0.0293 
	-0.0817 
	0.0990 
	0.6588 
	-0.2946 
	-0.3056 
	-0.7120 

	Kurtosis 
	0.4547 
	-0.5950 
	-0.5288 
	-0.2731 
	-0.4266 
	-0.1833 
	1.1475 
	0.2400 
	-0.5015 
	0.0955 

	Sample
	as21
	sb1
	sb2
	sb3
	sb4
	sb5
	sb6
	sb7
	sb8
	sb9

	Skewness
	-0.6971 
	-0.3609 
	-0.2457 
	-0.2891 
	0.0025 
	-0.0077 
	-0.0864 
	0.0638 
	-0.3185 
	1.2169 

	Kurtosis 
	0.1286 
	-0.2649 
	-0.8991 
	0.3468 
	-0.7487 
	-0.7076 
	-0.7102 
	-0.1606 
	0.0629 
	3.6716 

	Sample
	sb10
	sb11
	sb12
	sb21
	sb23
	sb24
	sb25
	sb40
	sb43
	sb47

	Skewness
	-0.5565 
	0.0679 
	-0.3576 
	-0.2341 
	-0.4170 
	-1.0904 
	-0.9094 
	-0.2986 
	-0.8529 
	-0.2947 

	Kurtosis 
	0.8084 
	-0.3630 
	0.0271 
	0.3063 
	-0.5405 
	1.9414 
	2.6326 
	0.2489 
	1.3340 
	0.4887 

	Sample
	sb48
	sb50
	gm1
	gm2
	gm3
	gm4
	gm5
	gm6
	gm7
	gm8

	Skewness
	-0.1086 
	-0.4445 
	-0.1087 
	-0.2531 
	-0.1654 
	-0.5144 
	-0.3297 
	-0.2866 
	-0.3822 
	0.2522 

	Kurtosis 
	-0.1721 
	0.3932 
	0.0445 
	-0.1108 
	-0.3499 
	-0.2291 
	-0.3380 
	-0.5031 
	-0.7595 
	1.0116 

	Sample
	gm9
	gm10
	gm11
	ss1
	ss2
	ss3
	ss4
	ss5
	ss6
	ss7

	Skewness
	-0.8861 
	-0.6135 
	-0.2526 
	0.5280 
	-0.0329 
	-0.2967 
	-0.1729 
	-0.4062 
	-0.9373 
	-0.4325 

	Kurtosis 
	2.0421 
	0.9853 
	0.6361 
	1.6566 
	-0.6026 
	-0.6108 
	-0.3099 
	-0.5769 
	1.8679 
	1.3119 

	Sample
	tr1
	tr2
	tr3
	tr4
	tr5
	tr6
	tr7
	tr8
	tr9
	tr11

	Skewness
	-0.3905 
	-0.2605 
	-0.7784 
	-0.2003 
	0.2769 
	-0.8229 
	-0.4300 
	-0.7920 
	-0.0618 
	-0.0391 

	Kurtosis 
	-0.3991 
	0.1350 
	0.8225 
	1.2530 
	-0.2544 
	1.7270 
	0.0430 
	0.9828 
	-0.7350 
	-0.4167 

	Sample
	tr12
	tr13
	tr14
	tr15
	tr16
	tr17
	tr19
	tr20
	tr22
	tr24

	Skewness
	-0.1845 
	-0.2019 
	-0.2657 
	-0.0133 
	0.0381 
	-0.0765 
	-0.4136 
	-0.0225 
	0.1497 
	0.0913 

	Kurtosis 
	-0.7253 
	-0.5193 
	0.2777 
	0.3579 
	-0.4745 
	0.1200 
	-0.8277 
	0.2834 
	0.5363 
	-1.0612 

	Sample
	tr25
	tr26
	vg1
	vg2
	vg3
	vg4
	vg9
	
	
	

	Skewness
	-0.2962 
	-0.3159 
	-1.0065 
	-0.2207 
	-0.2273 
	-0.2028 
	-0.2644 
	
	
	

	Kurtosis 
	-0.4680 
	-0.5967 
	2.2497 
	0.3349 
	-0.8539 
	-0.8289 
	-0.4198 
	
	
	


This table presents the coefficient of skewness and kurtosis for each of 77 target mutual fund based on the period from January 2000 through December 2003 (48 months).
the market index under their own systematic risk. This is especially the case when the sum of Sharpe’s measure is used in GA as the fitness function since almost all Jenson’sα are significantly positive at the 10 percent level. Therefore, we can say that the GA using the fitness function of Sharpe’s measure not only beat the market index but also perform better than the operation of fund managers and the MV under the criterion of Jenson’s α.

Performance of Sharpe’s Measure

Table 7 reveals the performance of the MV, GA and the FM compared to that of the S&P 500 index (SP) based on Sharpe’s measure. We find that except for FM, the  mean difference in the MV-SP and GA-SP are all positive. At the ten percent level, 16 out of 24 FOF are significant in the MV-SP model and 10 out of 24 FOF are significant in GA-SP. It shows an evidence that the performance of both the MV and GA can beat the market, yet the same evidence is not found for the FM. 

Table 6

The Performance Comparison Based on S&P 500 index in Jensen’s α
	Sample

Code 
	Mean-Variance Model
	Genetic Algorithms(1)
	Genetic Algorithms(2)
	Fund Manager’s operation

	
	Jenson α
	p-value
	Jensonα
	p -value
	Jenson α
	p -value
	Jenson α
	p -value

	As-01
	-0.9013 
	<.0001(((
	--1.3031
	<.0001(((
	-0.8642 
	<.0001(((
	-0.8394 
	<.0001(((

	As-02
	-0.4980 
	<.0001(((
	-0.6703((
	<.0001(((
	-0.5948 
	<.0001(((
	-0.5841 
	<.0001(((

	As-03
	-0.4988 
	<.0001(((
	-0.5568(( 
	<.0001(((
	-0.4214 
	<.0001(((
	-0.4578 
	<.0001(((

	As-04
	-0.1632 
	<.0001(((
	-0.4323((
	<.0001(((
	-0.1822( 
	<.0001(((
	-0.2017 
	<.0001(((

	Gm-01
	-0.0047
	0.8280
	-0.3116((
	<.0001(((
	-0.0408( 
	0.2314(((
	-0.2263 
	<.0001(((

	Gm-02
	-0.0012 
	0.9661
	-0.5060((
	<.0001(((
	-0.0529(( 
	0.1047(((
	-0.1306 
	0.0272((

	Gm-03
	-0.0068 
	0.8500
	-0.6978(( 
	<.0001(((
	-0.0758(( 
	0.0671(((
	-0.1376 
	0.0025(((

	Gm-04
	-0.0457 
	0.2631
	-0.8313(( 
	<.0001(((
	-0.1953(( 
	0.0127((
	-0.2091 
	0.0008(((

	Sb-01
	-0.9789 
	<.0001(((
	-0.9925(( 
	<.0001(((
	-0.1503((
	0.5066(((
	-0.0716 
	0.7441

	Sb-02
	-0.3102 
	<.0001(((
	-0.9830(( 
	<.0001(((
	-0.0835( 
	0.5252(((
	-0.0356 
	0.7628

	Sb-03
	-0.0621 
	0.1375
	-0.1227(( 
	0.5041(((
	-0.0201( 
	0.7761(((
	-0.0480 
	0.5105

	Sb-04
	-0.0127 
	0.7190
	-0.4404((
	<.0001(((
	-0.0060 
	0.8978(((
	-0.0355 
	0.5219

	Sb-05
	-0.0153 
	0.6660
	-0.2782((
	<.0001(((
	-0.0120
	0.8058(((
	-0.0217 
	0.7019

	Sb-06
	-0.0225 
	0.4975
	-0.1361((
	0.0019(((
	-0.0421(( 
	0.2930(((
	-0.0015 
	0.9746

	Ss-01
	-0.0635 
	0.2083
	-0.3553((
	<.0001(((
	-0.0648( 
	0.4680(((
	-0.1029 
	0.3364

	Ss-02
	-0.0217 
	0.6337
	-0-5453((
	<.0001(((
	-0.1045(
	0.2418(((
	-0.1245 
	0.1664

	Ss-03
	-0.1947 
	0.0002(((
	-0.7453((
	<.0001(((
	-0.1043 
	0.4284(((
	-0.1156 
	0.3194

	Tr-01
	-0.0737 
	0.2233
	-0.9242((
	<.0001(((
	-0.1520 
	0.4473(((
	-0.1721 
	0.4193

	Tr-02
	-0.5746 
	<.0001(((
	-1.0007((
	<.0001(((
	-0.0789 
	0.4907(((
	-0.0790 
	0.4582

	Tr-03
	-0.0782 
	0.0897
	-0.1262((
	0.0078(((
	-0.0151 
	0.6923(((
	-0.0201 
	0.6486

	Vg-01
	-0.0448 
	0.2209
	-0.2122((
	<.0001(((
	-0.0125 
	0.6785(((
	-0.0540 
	0.3100

	Vg-02
	-0.1356 
	0.0004(((
	-0.4198((
	<.0001(((
	-0.0431 
	0.4422(((
	-0.0821 
	0.2324

	Vg-03
	-0.5314 
	<.0001(((
	-0.6223((
	<.0001(((
	-0.0923 
	0.4403(((
	-0.1014 
	0.3986

	Vg-04
	-0.0449 
	0.1498
	-0.8306((
	<.0001(((
	-0.0257 
	0.4930(((
	-0.0532 
	0.2802


The fitness function of GA (1) is to maximize the sum of Sharpe’s measure and GA (2) is to maximize the sum of Treynor’s measure. The following regression model is estimated to obtain Jenson’sα:
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Where,
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r

= the monthly excess return of fund i in month t over the three-month T-bill rate,
[image: image25.wmf]i

a

= a measure of abnormal return,
[image: image26.wmf]i

b

= the sensitivity of FOFi’s return to the benchmark,
[image: image27.wmf]Bt

r

=the monthly excess return of the benchmark over the one-month T-bill rate at time t,
[image: image28.wmf]it

e

=the random error term. 
((( Indicated statistical significance at the 0.01 level

((( Indicated statistical significance at the 0.05 level

((( Indicated statistical significance at the 0.10 level

Table 7

The Performance of MV, GA and Fund Manager’s operation compared to S&P 500 index in Sharpe’s Measure
	Sample

Code 
	MV-SP   
	GA-SP
	FM-SP

	
	 Mean difference
	p-value
	Mean difference 
	p-value
	Mean difference
	p-value

	As-01
	0.1251
	0.5014
	0.1457
	0.4104
	-0.2733
	0.2964

	As-02
	0.1811
	0.3256
	0.1515
	0.3794
	-0.2684
	0.1969

	As-03
	0.1776
	0.3357
	0.1649
	0.3537
	-0.2396
	0.1631

	As-04
	0.2817
	0.0934(
	0.2174
	0.1963
	-2.5215
	0.2559

	Gm-01
	0.5217
	0.0019(((
	2.3338
	<.0001(((
	-0.3100
	0.0917(

	Gm-02
	0.5035
	0.0063(((
	1.1883
	<.0001(((
	-0.2735
	0.2346

	Gm-03
	0.5048
	0.0147((
	1.1575
	<.0001(((
	-0.1106
	0.5823

	Gm-04
	0.6110
	0.0215((
	1.3877
	<.0001(((
	-1.5935
	0.3182

	Sb-01
	0.0848
	0.6499
	-0.2176
	0.4506
	-1.9901
	0.3111

	Sb-02
	0.2972
	0.1363
	-0.0436
	0.9004
	-1.8903
	0.3106

	Sb-03
	0.4913
	0.0904(
	0.2598
	0.5497
	0.0351
	0.9083

	Sb-04
	0.5470
	0.0449((
	0.4834
	0.3592
	-1.9430
	0.2631

	Sb-05
	0.5162
	0.0618(
	0.3630
	0.4256
	-1.1035
	0.1198

	Sb-06
	0.4867
	0.0732(
	0.2812
	0.3678
	-1.5199
	0.0258((

	Ss-01
	0.4761
	0.0716(
	0.6278
	0.3808
	-0.1753
	0.4560

	Ss-02
	0.6330
	0.0289((
	0.2799
	0.6505
	-0.2805
	0.1860

	Ss-03
	0.6451
	0.0400((
	0.0260
	0.9574
	-0.4336
	0.2482

	Tr-01
	0.7575
	0.0034(((
	0.9452
	0.0523(
	-0.3209
	0.4585

	Tr-02
	0.2370
	0.2788
	0.4192
	0.0661(
	-1.9057
	0.3176

	Tr-03
	0.6650
	0.0242((
	1.5096
	0.0002(((
	0.0084
	0.9860

	Vg-01
	0.3438
	0.0935(
	0.9803
	<.0001(((
	-1.5216
	0.1320

	Vg-02
	0.2611
	0.1127
	0.6096
	0.0030(((
	-1.6982
	0.2360

	Vg-03
	0.1667
	0.3194
	0.0026
	0.9899
	-2.8824
	0.2978

	Vg-04
	0.3171
	0.0726(
	0.7749
	0.0002(((
	-4.1957
	0.3146



The significantly positive mean differences imply that the chosen model outperforms the S&P 500 index in Shapre’s measure and the negative and significant one indicates that chosen model underperforms the S&P 500 index in Shapre’s measure.
((( Indicated statistical significance at the 0.01 level

((( Indicated statistical significance at the 0.05 level

((( Indicated statistical significance at the 0.10 level
Table 8 reports the mean difference between the performance of the MV, GA compared to that of the fund manager’s operation (FM) based on Sharpe’s measure. We find that the mean difference are all positive. At the ten percent level, 13 out of 24 FOF are significantly positive in the MV model and 12 out of 24 FOF are significantly positive in GA. The results suggest a significant inference that the selecting fund ability of both the MV and GA are better than that of fund managers. 

Table8
The Performance of MV, GA compared to that of Fund Manager’s operation 

and performance comparison of GA and M-V in Sharpe’s Measure

	Sample

Code 
	MV-FM   
	GA-FM
	GA-MV

	
	 Mean difference
	p-value
	Mean difference 
	p-value
	Mean difference
	p-value

	As-01
	0.3985
	0.0064((
	0.4192
	0.0039((
	0.0206 
	0.6123

	As-02
	0.4496
	0.0032((
	0.4199
	0.0048((
	-0.0297 
	0.5701

	As-03
	0.4173
	0.0009((
	0.4047
	0.0008((
	-0.0126 
	0.7831

	As-04
	2.8033
	0.2062
	2.7389
	0.2107
	-0.0644 
	0.1525

	Gm-01
	0.8318
	0.0006((
	2.6439
	<.0001((
	1.8121 
	<.0001(((

	Gm-02
	0.7771
	0.0052((
	2.6439
	<.0001((
	0.6848 
	<.0001(((

	Gm-03
	0.6154
	0.0185((
	1.2681
	<.0001((
	0.6527 
	0.0007(((

	Gm-04
	2.2045
	0.1770
	2.9812
	0.0699(
	0.7767 
	<.0001(((

	Sb-01
	2.0750
	0.2803
	1.7725
	0.3652
	-0.3025 
	0.3583

	Sb-02
	2.1876
	0.2347
	1.8467
	0.3253
	-0.3409 
	0.4021

	Sb-03
	0.4562
	0.2988
	0.2246
	0.6571
	-0.2315 
	0.6505

	Sb-04
	2.4902
	0.1625
	2.4266
	0.1762
	-0.0636 
	0.9055

	Sb-05
	1.6198
	0.0325((
	1.4666
	0.0847(
	-0.1532 
	0.7489

	Sb-06
	2.0066
	0.0040((
	1.8011
	0.0164((
	-0.2055 
	0.5899

	Ss-01
	0.6515
	0.0358((
	0.8032
	0.3200
	0.1517 
	0.8399

	Ss-02
	0.9136
	0.0067((
	0.5605
	0.4196
	-0.3531 
	0.6166

	Ss-03
	1.0788
	0.0136((
	0.4597
	0.4674
	-0.6191 
	0.3039

	Tr-01
	1.0784
	0.0361((
	1.2662
	0.0384((
	0.1877 
	0.7250

	Tr-02
	2.1428
	0.2538
	2.3250
	0.2204
	0.1822 
	0.5309

	Tr-03
	0.6566
	0.1373
	1.5012
	0.0344((
	0.8446 
	0.0801(

	Vg-01
	1.8655
	0.0780(
	2.5021
	0.0139((
	0.6365 
	0.0423((

	Vg-02
	1.9594
	0.1724
	2.3079
	0.1021
	0.3485 
	0.2371

	Vg-03
	3.0491
	0.2639
	2.8851
	0.2910
	-0.1640 
	0.5540

	Vg-04
	4.5129
	0.2820
	4.9706
	0.2290
	0.4578 
	0.1409


The positive and significant mean differences imply that one model is superior to the other model and the negative and significant one indicates that one model may underperform the other model. 

((( Indicated statistical significance at the 0.01 level,((( Indicated statistical significance at the 0.05 level

((( Indicated statistical significance at the 0.10 level
In addition, when the Sharpe’s measure in GA is compared to the one in the MV model, it indicates that the mean differences between GA and the MV are not exactly positive; and, only 6 of 24 FOF are significant at the 5 and 10 percent level . However, the important point to note is that those mean differences at the 5 and 10 percent level are all significantly positive, inferring that GA are better than the MV. To sum up, we find that both GA and the MV can beat the operating performance of fund managers, while GA are better than the MV model based on Sharpe’s measure. 

The performance of Treynor’s measure
Next, we continue to use the MV and GA based on the fitness function of Treynor’s measure to forecast the next period investing weight for each FOF and  totally generates 24 periods risk-return data. We then transform the 24 period forecasting data into Treynor’s measure to evaluate the performance of FOF based on the MV and GA.

    Results in Table 9 indicate that the mean difference in GA-SP is nearly positive and 14 out of 24 FOF are significantly positive at the 5 and 10 percent level, and it is not obvious that the performance of the MV can beat the market nor is it obvious for the performance of fund managers. That is, the performance of GA can beat the market, but the MV or the operation of fund managers can not beat the market.
Table 10 reports the mean differences between the performance of the MV, GA compared to that of fund manager’s operation (FM) based on Treynor’s measure. At the ten percent level, 3 out of 24 FOF are significantly postive in the MV-FM and 10 out of 24 FOF are significantly positive in GA-FM. The results suggest that the selecting fund ability of GA rather the MV is better than that of FM in Treynor’s measure. Meanwhile, when the Treynor’s measure of GA is compared to that of the MV, 9 out of 24 FOF are significantly positive at the 5 and 10 percent level although the mean differences between GA and the MV are not all positive. Therefore, based on Treynor’s measure, we can infer that GA are better than the MV in terms of it’s ability to select funds. To summarize, we find that GA rather the MV can beat the operating performance of fund managers and that GA are better than the MV based on Treynor’s measure.

Based on both Sharpe’s and Treynor’s measures, we find not only that the GA model may indeed dominate over the MV model, GA rather the MV also outperform the market index. Similarly, when compared to the performance of FM, GA rather the MV can show better performance based on the Treynor’s measure. 

Table 9

The Performance of MV, GA and fund Manager’s operation compared to S&P 500 index in Treynor’s Measure

	Sample

Code 
	MV-SP   
	GA-SP
	FM-SP

	
	 Mean difference
	p-value
	Mean difference 
	p-value
	Mean difference
	p-value

	As-01
	-0.0134
	0.8743
	-0.0427
	0.4720
	-0.2340
	0.2106

	As-02
	0.1963
	0.4071
	0.0942
	0.5674
	-0.4348
	0.3024

	As-03
	0.1959
	0.4081
	-0.0380
	0.6074
	-0.4635
	0.5066

	As-04
	58.4739
	0.3278
	0.9325
	0.0943(
	-0.4250
	0.2525

	Gm-01
	-0.5289
	0.3809
	3.1510
	0.0264((
	0.0401
	0.6671

	Gm-02
	-0.7000
	0.7664
	4.9470
	0.0756(
	0.0659
	0.5629

	Gm-03
	4.0812
	0.0995(
	5.1179
	0.0396((
	-0.2765
	0.3008

	Gm-04
	0.1935
	0.5972
	0.8661
	0.0197((
	-0.1967
	0.2832

	Sb-01
	-0.2419
	0.1402
	-0.0532
	0.6499
	-0.0561
	0.3173

	Sb-02
	0.1671
	0.3763
	0.3867
	0.1922
	-0.0767
	0.2556

	Sb-03
	0.1560
	0.0035(((
	0.5994
	0.0660((
	0.0237
	0.6832

	Sb-04
	0.0412
	0.9264
	1.5965
	0.0002(((
	1.0934
	0.3517

	Sb-05
	-1.3691
	0.4371
	2.1855
	0.0080(((
	-1.3870
	0.3146

	Sb-06
	-0.9196
	0.2048
	0.5174
	0.0569(
	-0.1133
	0.0121((

	Ss-01
	42.8743
	0.3292
	-0.0551
	0.8359
	-0.7661
	0.3006

	Ss-02
	0.0696
	0.3457
	0.0101
	0.9669
	-0.1431
	0.3167

	Ss-03
	0.0735
	0.1757
	0.2139
	0.1986
	-0.0869
	0.3216

	Tr-01
	0.1799
	0.0139((
	0.4166
	0.1033
	-0.1236
	0.2773

	Tr-02
	0.0749
	0.6831
	0.1135
	0.5295
	-0.1024
	0.2266

	Tr-03
	0.3261
	0.054(
	1.1160
	0.0999(
	-0.0978
	0.2000

	Vg-01
	1.1607
	0.1927
	3.1177
	0.0002(((
	-9.6847
	0.3073

	Vg-02
	0.0200
	0.8192
	0.4401
	0.0442((
	-0.0834
	0.1889

	Vg-03
	-0.3947
	0.1765
	-0.1537
	0.0901(
	-0.0672
	0.2908

	Vg-04
	0.1134
	0.3975
	0.7974
	0.0045(((
	-0.0462
	0.3726


The positive and significant mean differences imply that one model outperforms the S&P 500 index (SP) in Treynor’s measure and the negative and significant one indicates that model underperforms the S&P 500 index (SP) in Treynor’s measure.
((( Indicated statistical significance at the 0.01 level ,((( Indicated statistical significance at the 0.05 level

((( Indicated statistical significance at the 0.10 level
Table 10

The Performance of MV, GA compared to Fund Manager’s operation in Treynor’s Measure

	Sample

Code
	MV-FM
	GA-FM
	GA- MV

	
	 Mean difference
	p-value
	Mean difference 
	p-value
	Mean difference
	P-value

	As-01
	0.2206
	0.1012
	0.1913
	0.1712
	-0.0293 
	0.4257

	As-02
	0.6311
	0.2085
	0.5290
	0.2603
	-0.1021 
	0.1879

	As-03
	0.6594
	0.3652
	0.4255
	0.5400
	-0.2339 
	0.2586

	As-04
	58.8989
	0.3242
	1.3575
	0.0362((
	-57.5415 
	0.3355

	Gm-01
	-0.5690
	0.3154
	3.1109
	0.0289((
	3.6799 
	0.0142((

	Gm-02
	-0.7659
	0.7445
	4.8812
	0.0795(
	5.6470 
	0.1244

	Gm-03
	4.3577
	0.0781(
	5.3945
	0.0323((
	1.0367 
	0.0139((

	Gm-04
	0.3902
	0.3747
	1.0628
	0.0144((
	0.6726 
	0.2543

	Sb-01
	-0.1858
	0.1300
	0.0029
	0.9858
	0.1887 
	0.4323

	Sb-02
	0.2438
	0.2510
	0.4634
	0.1806
	0.2196 
	0.4498

	Sb-03
	0.1324
	0.1387
	0.5758
	0.0818(
	0.4434 
	0.1562

	Sb-04
	-1.0522
	0.3933
	0.5031
	0.6694
	1.5553 
	0.0123((

	Sb-05
	0.0178
	0.9937
	3.5724
	0.0252((
	3.5546 
	0.0629(

	Sb-06
	-0.8062
	0.2657
	0.6307
	0.0362((
	1.4369 
	0.0702(

	Ss-01
	43.6404
	0.3205
	0.7110
	0.3897
	-42.9295 
	0.3286

	Ss-02
	0.2126
	0.2307
	0.1532
	0.6015
	-0.0595 
	0.7787

	Ss-03
	0.1604
	0.1779
	0.3008
	0.1956
	0.1404 
	0.2707

	Tr-01
	0.3035
	0.0442((
	0.5402
	0.1374
	0.2367 
	0.3135

	Tr-02
	0.1773
	0.4875
	0.2159
	0.3936
	0.0386 
	0.0041((

	Tr-03
	0.4240
	0.0617(
	1.2139
	0.0970(
	0.7899 
	0.1262

	Vg-01
	10.8455
	0.2485
	12.8024
	0.1790
	1.9570 
	0.0293((

	Vg-02
	0.1034
	0.2776
	0.5235
	0.0526(
	0.4201 
	0.0723(

	Vg-03
	-0.3275
	0.1775
	-0.0865
	0.2706
	0.2410 
	0.2825

	Vg-04
	0.1596
	0.2739
	0.8436
	0.0029(((
	0.6840 
	0.0478((



The positive and significant mean differences imply that one model is superior to the other model in Treynor’s measure and the negative and significant one indicates that one model may underperform the other model in Treynor’s measure.
((( Indicated statistical significance at the 0.01 level

((( Indicated statistical significance at the 0.05 level

((( Indicated statistical significance at the 0.10 level
5.CONCLUSIONS
While there are assumptions in the Markowitz Mean-Variance Model (MV), it is a well-known model in selecting security portfolios. The normal distribution of the return is one of the main assumptions, however, we find that the distribution of collecting return data for fund of funds (FOF) and their target mutual funds are not normal. Therefore we also apply Genetic Algorithms (GA) since GA do not require any return data to have a normal distribution in the investment portfolio.      

This study investigates the ability of fund selection by comparing the performance of the portfolios of FOF constructed by the MV and GA to those constructed by the operation of fund managers (FM). All target mutual funds which may be held by FOF in the U.S. market between January 1, 2000, and December 31, 2003 are chosen in this study. Since the coefficient of skewness is not close to zero and kurtosis is not close to three during our research period, it implies that our data is not normally distributed. According to the assumption of normal distribution that is required by the Markowitz Mean-Variance model, we may not get the optimal investing weight for each period. Therefore we select GA, one of artificial intelligence, to optimize the performance of FOF portfolios. Jensen’sα, Sharpe’s and Treynor’s measures are applied to evaluate the performance of the portfolios of FOF constructed by the MV, GA and FM.
Overall, the results of Jenson’sα, Sharpe’s measure and Treynor’s measure provided essentially the same conclusions, which are that the performances in the MV and GA are superior to the market index. However the operation of fund managers are beaten by the market index when either Sharpe’s or Treynor’s measure are used, which can be explained by the findings of Konno (1990) that most individual investors usually buy portfolios inside the efficient frontier rather than on the efficient portfolios. In other words, the MV and GA outperform the FM based on the 24 rolling forward period return and the risk data. Furthermore, when the performance of the MV is compared to that of GA, the results show that GA can outperform the MV according to either Sharpe’s or Treynor’s measures, which may have developed because the distribution of our data is not normal. 

To sum up, we find that GA are superior to that of the MV and FM in performance measure. Therefore, GA are suggested to be used when investors want to allocate their funds in selecting fund portfolios being not normal.

5.2 Further Research
    This study has several limitations that deserve further investigations. To begin with, this study is limited by the sample size and period. The collection of sample FOF and its holding portfolio is restricted to the period from January 1, 2000 to December 31, 2003. In addition, this study assumes no short sales, no transaction cost and no limitation on the trading and size of portfolio. If further research takes place, a longer period and the condition of imperfect market need to be considered to evaluate the performance of fund managers more objectively.
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� EMBED Equation.3  ���









































� S&P 500 WorkStation is a comprehensive suite of application which enables users to get the relative price information and reports of mutual fund in main security market.


� AIMTM Asset Investment management is provided by Standard & Poor’s Fund Services, Inc. in 2000.


� In table3, fund size is the aggregate net asset value of a mutual fund as of December 31, 2003 or the fund’s most recent reporting date before December 31, 2003.


� Turnover is the percentage of a mutual fund portfolio’s holdings that have changed over the past year.  


� As-01, As-02 etc. is the symbol of sample FOF (fund of funds). And the detailed list of target holding mutual fund is represented in Table1.


6 As1, As2, As3 etc. is the symbol of target holding fund of FOF (fund of funds). 
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